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Abstract

Aim: To evaluate spectral indices as tools for separation of active aquaponds filled with water and engaged in shrimp/fish production from empty
aquaponds using Landsat -8 data in coastal region of Guntur district, Andhra Pradesh.

Methodology: The active and empty aquaponds were demarcated with Landsat satellite (Landsat-8) Operational Land Imager’s (OLI) multispectral

images using maximum likelihood classifier (MLC) algorithm and
spectral indices like Normalized Difference Vegetation Index (NDVI),
Normalized Difference Water Index (NDWI), Modified NDWI (MNDWI),
Water Ratio Index (WRI) and Automated Water Extraction Index
(AWEInsh) by means of thresholds.

Results: The supervised classification using maximum likelyhood
classifier recorded the highest active aquapond area whereas; NDWI,
combination of indices and WRI resulted in lower but almost similar
extents. Evaluation of confusion matrix using validation points
revealed that NDWI, WRI and combination of indices resulted in all
most perfect agreement with a kappa value of more than 0.9. Maximum
likelihood classifier, NDVI and MNDWI could separate active ponds
and empty ponds from other land uses with strong agreement, while
AWElInsh could separate different land uses only with moderate
agreement.

Interpretation: The study indicates that spectral indices like NDWI,
WRI and combination of indices are able to delineate aquaponds that
were cultured for shrimp/fish and kept empty at a given time with
noticeably high accuracy using satellite data for better managing of
resources in coastal ecosystem

Key words: Aquaculture, Aquaponds, Decision trees, Spectral
indices, Threshold values
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Introduction

Globally, aquaculture is the fastest growing sector in food
industry. Growing population and changing consumer
preferences has resulted in an increased aquatic production.
Andhra Pradesh has the second-longest coastline of 974 km
among the states of India, after Gujarat. It is dominantly involved
in shrimp production, with 70 per cent of the state itself. Much of
the rice grown area in tail end regions of Krishna western delta
has been brought under shrimp culture due to high profitability of
aquaculture.

The geospatial tools viz., remote sensing and GIS are the
crucial aids in resource inventory and monitoring. Detection and
delineation of aquaculture areas can be done with their spectral
response pattern as seen on the image or as portrayed in the
changes in spectral radiance values of space-borne multispectral
data (Dwivedi and Sreenivas, 2005). Operational Land Imager
(OLl) is the latest optical sensor onboard Landsat 8 and is widely
used for detecting surface water (Acharya et al., 2016; Singh et
al., 2016; Yang et al., 2015). Anumber of water indices have been
assessed for water extraction using Landsat OLI imagery
according to the water conditions viz., clear water, turbid water
(Xie etal., 2016). Previously, the aquapond regions were mapped
by visual interpretation and digitization (Lokhande et al., 2017).
The combined difference between NDVI and NDWI was found to
enhance the contrast between water bodies and the surrounding
surface features (Lu et al., 2011). The threshold values to extract
water bodies may vary among varying conditions (Zhou et al.,
2017). Water bodies are mapped using several water extraction
algorithms like statistical pattern recognition techniques,
including supervised grouping using ground information
(Disperati and Virdis, 2015). The maximum likelihood classifier
considers that the pixel values for each class in each band are
normally distributed and computes the probability of a pixel
belonging to a specific class (Jensen, 1996).

Spectral indices like Normalized Difference Vegetation
Index (NDVI), Normalized Difference Water Index (NDWI),
Modified NDWI (MNDWI), Water Ratio Index (WRI) and
Automated Water Extraction Index (AWElnsh) combine two or
more spectral bands using various algebraic operations to
enhance the discrepancy between water bodies and land
(Townshend and Justice, 1986). The normalized difference water
index (NDWI), calculated using green and near-infrared bands
(Green/NIR) reflectance, captured correct control points with an
accuracy of greater than 95 percent (Liu et al., 2016). The
individual indices or their combination are used for the estimation
of surface water, by separating water from the background
considering threshold values (Acharya et al., 2018, Hao, 2014).
The threshold method is a quick and simple method, particularly
when used with decision rules, for identification of water features.
Alteration of the threshold value for water bodies can usually
achieve better extraction results (Ji et al., 2009). Decision Tree

classification (DTC) is also an effective and useful technique for
classification of remote sensing data (Punia et al., 2011). Decision
tree is a machine learning algorithm that allows grouping of an
observation into categorical target variables by repeatedly
dividing observations into mutually exclusive groups (Shailesh et
al., 2014). A preliminary qualitative assessment shows that MLC
and DTC exhibit similar distribution pattern of shallow water and
fallow class but DTC map shows better results by differentiating
various land-use parcels (Sharma et al., 2013).

Inland aquaculture, a common feature of coastal
ecosystem, is highly vulnerable for vagaries of climate like
cyclones, severe rains, heat waves, high humidity and associated
pest outbreak. Onset of such unfavorable conditions may lead to
crop failure. If such condition continues for two or more seasons, it
causes financial setback to the farmers, particularly small and
medium, forcing them to quit aquaculture.

Mapping of coastal aqua regions provide a baseline
information and spatial distribution of active ponds and empty
ponds. This would further help in monitoring coastal ecosystem,
identifying the constraints, decision-making, and improve the
socio-economic status of the aqua farmers. Keeping this in view,
the present study was focused on mapping and acquiring up-to-
date spatial information regarding distribution of coastal
aquaculture in Guntur district, Andhra Pradesh using remote
sensingand GIS.

Materials and Methods

In this study, the coastal region of Guntur district,
dominated by brackish aquaculture, was selected as study area.
A region of interest was identified mainly covering major
aquapond regions of Guntur district, Andhra Pradesh, India
(Fig.1). The mapping of aquapond regions of Guntur district was
carried outas depicted in Fig. 2.

Landsat 8 OLI image courtesy of the U.S. Geological
Survey bearing path 142 and row 49 acquired on 15" March 2019
with a cloud cover of 0.11 per cent was downloaded (Courtesy
United States Geological Survey) and radiometric correction was
carried outto reduce the haze in the data. The colour composite of
area of interest was extracted for further processing.

The processed data were interpreted visually considering
the image elements like pattern, tone, shape, association etc., to
identify the locations for ground truth collection for active
aquaponds, empty ponds and vegetation and other features
related to the study. Considering the remote sensing data with
different band combinations, ground truth observations, high
resolution Google maps and expert knowledge, the land use
classification of the study area was carried out.

A training set was developed using the signatures of the
features based on ground truth observations. Automatic
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Fig. 1 : Study area located in Guntur district, Andhra Pradesh.
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Fig. 2 : Methodology adopted for the study.

classification of the study area was carried out using maximum
likelihood classifierin ERDAS imagine 2018. However, to arrive at

better classification products, spectral indices were used for
classification studies. The Landsat 8 OLI data containing
information as digital numbers were converted to top of
atmosphere reflectance using the rescaling coefficients in the
MTL file of the downloaded image as follows with a spatial
modeler in ERDAS Imagine following the procedure given by
USGS for Landsat Level-1 Data Product. (https://www.usgs.gov/
land-resources/nli/landsat/using-usgs-landsat-level-1-data-
product)

pN' = MpQcal + Ap

Where, pA'is the TOA planetary reflectance, without correction for
solar angle; Mp is the Band-specific multiplicative rescaling factor
from the metadata (REFLECTANCE_MULT_BAND_x, where xis
the band number); Ap is the Band-specific additive rescaling
factor from the metadata (REFLECTANCE_ADD_BAND_x,
where x is the band number); Q,,, is the Quantized and calibrated
standard product pixel values (DN) TOA reflectance with a
correction for the sun angle was calculated by the formula ;

pA = pA'/ cos(Bs,) =pA' /sin(Bg)

Where, pA is the TOA planetary reflectance; 8 is the Local sun
elevation angle. The scene center sun elevation angle in degrees
is provided in the metadata (SUN_ELEVATION); 6, is the Local
solar zenith angle; 6, = 90° - O

The reflectance was calculated for all the bands and the
reflectance bands of blue, green, red, INR, SWIR1 and SWIR2
were overlaid to produce a composite for further use.

Various spectral indices were used to map the active
aquaponds, empty ponds and vegetation and other land uses.
The Normalized Difference Vegetation Index (NDVI) and
Normalized Difference Water Index (NDWI) were derived from
the ratio of difference between reflectance of NIR and Red to total
of NIR and Red bands (Kriegler et al., 1969) and difference
between reflectance of Green and NIR to total of Green and NIR
bands (McFeeters, 1996), respectively. The Automated Water
Extraction Index (AWEInsh is considered as shadows are not a
problem) was estimated from the reflectance of Green and SWIR
1 bands as given by Feysia et al. (2014). The ratio of total
reflectance of Green and Red bands to that of NIR and SWIR 1
was used to derive Water Ratio Index (WRI) (Shen and Li, 2010).
The reflectance of SWIR 1 and SWIR 2 bands was used along
with Green brand to derive Modified Normalized Difference Water
Indices viz., MNDWI(1) and MNDWI(2), respectively (Xu,2006)

Since, the objective of the study was to determine the
active aquaponds, empty aquaponds and vegetation and other
land uses in the area of interest, the threshold approach was
considered. Thresholds for various indices were decided using
170 validation points covering all three land use classes. The
reflectance characters of the interested features in different
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Fig. 3 : Decision tree built using multiple indices for delineation.

bands of multiband composite of Landsat data, ground truth
information, Google earth maps and input from local experts
formed a basis for finalizing thresholds for various indices (Table

1).

Decision rules were framed using the thresholds
prescribed above to separate the land classes for each index in
ENVI software. Then the indices, which could better discriminate
the classes, were considered to construct a combined decision
tree (Fig. 3).

1341

Once the threshold based decision rule grouping of the
study area into active aquaponds, empty ponds and other uses
was performed, the accuracy assessment using Cohen’s kappa
coefficient (k) (Cohen, 1960) was carried out. Itis a statistic used
to measure inter-rater reliability and intra-rater reliability for
qualitative (categorical) items. It takes into account the possibility
of agreement occurring by chance. The confusion matrix was
carried out manually to find the producer accuracy, consumer
accuracy, overall accuracy and kappa index (KI) to identify the
best means to classify automatically.

Results and Discussion

The highest active pond area of 4552 ha and the lowest
empty pond area of 4390 ha was extracted with supervised
classification following maximum likelihood algorithm (Table 2). It
was observed that many of the active ponds were grouped into
empty ponds and vice versa as the reflectance values of the
ponds varied highly depending on the depth of water, age of the
active ponds, algal growth etc. Such factors lead to
misclassification of land use classes. Supervised classification
could not reach higher accuracy values, as the requirement for
purity of classification was rather high (Yang et al., 2011). Various
spectral indices like NDVI, NDWI, AWEInsh and WRI and
Combined index grouping were found useful in differentiating
area of interest into three classes viz., active ponds, empty ponds
and vegetation and others by establishing optimum thresholds
(Fig. 4). While, MNDWI calculated using SWIR1 or SWIR 2 could
be used to differentiate only active ponds from others.
Overlapping of reflectance values for empty ponds and
vegetation and others limited the establishment of two thresholds
for separation of land use into three classes using MNDWI.

Table 1: Threshold values of various land uses for spectral indices used in decision trees

Index Active aquaponds Empty aquaponds Vegetation and others
NDVI <0.032 0.032100.310 >0.31

NDWI >0.010 0.010t0-0.300 >-0.3

AWEInsh >0.265 0.009t00.265 <0.009

WRI >1.2 1.21t00.6 <0.6

MNDWI >0.189 Noclass <=0.1890

MNDWI(1) >0.374 Noclass <=0.3739

Table 2 : Extent (ha) of different land uses estimated using spectral indices.

Index/Class Active aquaponds Empty aquaponds Others
Maximum likelihood classifier 4552 4390 1203
NDVI 3345 5599 1201
NDWI 3398 5693 1054
AWEInsh 3076 6107 962
WRI 3559 5256 1330
Combination of indices 3373 5059 1713
MNDWI1 4169 Not considered 5975
MNDWI2 4211 Not considered 5934
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Fig. 4 : Maximum likelihood and Index based classification of aquapond region.

However, MNDWI gives more detailed information regarding
open water than does the NDWI (Gulcan and Mehmet Ozcelik,
2017). Decision rules were framed using the thresholds
prescribed earlier to separate the land classes for each index. The
indices which could discriminate the classes with reasonably high
accuracy were used to construct a combined decision tree in
ENVI software for better separation of active and empty ponds
(Table 3).

The NDVI, NDWI and Combination of indices resulted in
similar extent of active ponds, with a variation of about 100 ha,
while, variation in other uses was high. The NDVI has a low level
of free water detection, often confusing bare soils with free water.
Misinterpretation of turbid water bodies as bare soils with NDVI
was observed by Valerie Soti et al. (2009). NDWI was good at
eliminating the shadows but weak in extracting small water
bodies (Gao et al., 2016). However, Ahmed and Akter (2017)

found that NDVI and NDWI were prominent to identify vegetation
and water covers. The fallow areas class was best identified with
NDWI and NDVI indices; NDWI was also the best performing
index to determine the constructed areas and water bodies
(Vanessaetal., 2020)

Combination of indices like WRI, NDWI, NDVI and
MNDWI (1) with threshold based decision rules performed the
best in separating different land uses. It could even separate the
bunds also, which were mostly considered under empty ponds
with NDVI and NDWI. The NDWI alone failed to detect many
smaller, more turbid water bodies while the Gond’s decision tree
method using NDWI, NDVI and SWIR1 detected water bodies
with maximum overall accuracy of 0.96 (Kelsey et al., 2020). The
threshold values prescribed for AWEInsh resulted in the lowest
extent of active ponds and a maximum of empty ponds compared
to the remaining indices tested. In the present study, many of the
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Fig. 4 (a) : Variation in land uses extracted by MLC and spectral indices.

areas in other land uses including marshy lands were grouped

into empty ponds (Fig. 4a and 4b). The AWEInsh was most likely ground objects outside the river area.
to confuse mixed water pixels, followed by MNDWI, and NDWI

(Hao et al, 2014) and that might be the reason for
misclassification. Similarly, Ying et al. (2018) could not identify

& Journal of Environmental Biology, September 2021 ¢

small linear rivers using AWEInsh due to false extraction of back

WRI, which considers the ratio of sum of reflectance of
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Fig. 4 (b) : Variation in land uses extracted by MLC and spectral indices.

Table 3 : Accuracy assessment of aquaponds using different spectral indices

Index/Class Land use PA UA OA ki

Maximum likelihood classifier Active ponds 93.18 92.00 0.88 0.82
Empty ponds 72.22 92.86
Vegetation &others 93.18 78.85

NDVI Active ponds 0.98 0.95 0.93 0.89
Empty ponds 0.93 0.94
Vegetation &others 0.97 0.92

NDWI Active ponds 0.91 1.00 0.95 0.92
Empty ponds 0.98 0.94
Vegetation &others 0.97 0.89

AWEInsh Active ponds 0.91 0.89 0.82 0.72
Empty ponds 0.75 0.83
Vegetation &others 0.80 0.68

WRI Active ponds 0.97 0.97 0.97 0.95
Empty ponds 0.96 0.99
Vegetation &others 1.00 0.95

Combined index Active ponds 0.92 0.98 0.99 0.98
Empty ponds 1.00 1.00
Vegetation &others 0.97 1.00

MNDWI(1) Active ponds 0.84 1.00 0.93 0.86
Others 1.00 88.89

MNDWI(2) Active ponds 0.88 1.00 0.95 0.90
Others 1.00 0.92

found to extract slightly higher active ponds and other uses but

relatively lower extent of empty ponds to that of NDWI/NDVI/

Combined index based classification.
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recorded relatively higher active pond area compared to the
remaining indices. MNDWI was found to separate aquaponds




Prasuna Rani P, et al.: Mapping of aquapounds using spectral indices 1345

from others using threshold values but empty ponds could not be
separated from vegetation and others. The ponds, which were
drained recently or wet due to seepage water from surrounding
ponds could not be discriminated by MNDWI thereby, classed into
active ponds. In contradictory, Kanwar et al. (2015) proposed that
MNDWI values were positive for water features mixed with
vegetation and could be used to better delineate water features
compared to NDWI.

Image classification accuracy was characterized by
confusion matrix (or error matrix), which shows relation between
the classification result and a reference. Overall accuracy was
calculated by the ratio of sum of number of correctly identified
pixels to that of total number of pixels. The mismatch of the
reference and the classified image resulted in underestimation
(omission errors) or overestimation (commission errors). Errors
of commission occur when a classification procedure assigns
pixels to a certain classes that in fact do not belong to it. Sum of
these pixels mistakenly assigned to a class was divided by the
total number pixels of that class to arrive at relative commission
error, which, when deducted from one (1.0) resulted in Producer
accuracy. Similarly, when pixels that in fact belong to one class
were included into other classes, resulted in Error of omission.
The sum of omitted pixels was divided by the total number of class
pixels, to arrive at omission error from which User accuracy was
calculated by subtracting it from one.

The details of accuracy assessment using confusion
matrix (Table 3) helped in arriving at the best index for
differentiating various land uses in the study area. The highest
overall accuracy as well as kappa index for combination of indices
based classification indicated the best reliable area estimates for
the interested land uses in the study area. All most similar
accuracy levels were recorded for WRI followed by NDWI and
NDVI. The boundaries of different reservoirs were extracted by
Hui Yue et al. (2020) with kappa values of 0.9869 and 0.9855 for
NDWIand MNDWI, respectively.

Maximum user accuracy of one for active ponds with
NDWI indicated no omission of water filled ponds in the
classification. Similarly, the maximum of one recorded for
producer accuracy with different indices for different classes
indicated that no other classes were grouped into that class. The
indices with more than 0.9 kappa index viz., Combination of
indices, WRI and NDWI were found to classify the data with
almost perfect matching between the classified image and
reference. The NDVI and maximum likelihood classifier have
kappa index between 0.8 and 0.9, and could differentiate all three
classes with strong matching, while MNDWI with similar KI could
be used for separating active ponds from other uses. AWEInsh
differentiated three classes with only moderate matching (0.60 to
0.70) due to misclassification of vegetation and others classes,
particularly the marshy areas into empty ponds (Fig.4a, b).
MNDWI calculated with SWIR1 resulted in relatively higher

producer and consumer accuracy than SWIR2.

Location specific thresholds fixed for various indices
arrived using random points were found to group the study area
into active ponds, empty ponds and other uses. Accuracy
assessment using validation points revealed that NDWI, WRI and
Combination of indices are useful to delineate and map seasonal
variations in the aquaponds actually used for shrimp/ fish culture.
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